There is a growing need for spatially continuous and quantitative soil information for environmental modeling and management, especially at the national scale. This study was aimed at predicting soil particle-size fractions (PSF) for Nigeria using random forest model (RFM). Equal-area quadratic splines were fitted to Nigerian legacy soil profile data to estimate PSFs at six standard soil depths (0-5, 5-15, 15-30, 30-60, 60-100, and 100-200 cm) using the GlobalSoilMap project specification. We applied an additive log-ratio (ALR) transformation of the PSFs. There was a better prediction performance (based on 33% model validation) in the upper depth intervals than the lower depth intervals (e.g., R 2 of 0.53; RMSE of 13.59 g kg −1 for clay at 0-5 cm and R 2 of 0.16; RMSE of 15.60 g kg −1 at 100-200 cm). Overall, the PSFs show marked variations across the entire Nigeria region with a higher sand content compared with silt and clay contents and increasing clay content with soil depth. The variation in soil texture (ST) shows a progressive transition from a coarse texture (sand) along the fringes of northern Nigeria (e.g., upper part of Maiduguri and Sokoto), to finer texture (loam to clay loam) toward the western part of the Niger Delta region in the south. The inclusion of depth as a predictor variable significantly improved the prediction accuracy of RFM especially at lower depth intervals. These results could be used for producing soil function maps for national agricultural planning and in assessments of environmental sustainability.
onomy it distinguishes soil orders (e.g., Vertisols or Alfisols) and is used all the way to the family level of particle-size classes (Soil Survey Staff, 2010) . Soil texture is used in the diagnosis of some key epipedons but particularly for argillic, natric, and kandic horizons (Bockheim and Hartemink, 2013) . Soil texture also determines the suitability of the soil for a particular use and management, waste disposal, and water management (Thompson et al., 2012) . The capacity of soils to maintain organic carbon is influenced by its clay and silt content (Hassink, 1997; Bationo et al., 2007) . Particle-size fractions are inputs in most hydrological, ecological, climatic, and environmental risk assessment models (Ließ et al., 2012) . The proportions of clay and sand particles have been used to create pedotransfer functions to estimate difficult-to-measure soil properties such as bulk density, hydraulic conductivity, and water holding capacity, among others (Minasny and Hartemink, 2011) .
Despite the importance, there is a dearth of information on soil texture (Scull et al., 2005) , especially the PSFs at the resolution required for environmental modeling. In modeling, quantitative and continuous soil attributes rather than taxonomic soil classes are required (Gessler et al., 1996) . However, most soil maps are produced as discrete class surface maps without considering the continuous variability of soil attributes with depth (Adhikari et al., 2013) and across space.
Digital soil mapping (DSM) offers a promising approach to spatial prediction of soil attributes. McBratney et al. (2003) formalized DSM in the now widely used scorpan model in which S, a set of soil attributes (Sa) or classes (Sc), is considered a function of other known soil attributes or classes (s), climate (c), organisms (o), relief (r), parent materials (p), age or time (a), and spatial location or position (n). All DSM techniques involve establishing a relationship between the soil and environmental variables (representing the various soil forming factors) based on statistical and geostatistical models. Prediction is made at unobserved locations using the environmental variables at those locations, and a soil property can be predicted using its interrelationships with the environmental covariates such as digital elevation models (DEMs) , remotely sensed data , chemical and physical attributes obtained through laboratory analysis of soil sample, or from legacy soil maps (Mayr, 2008) .
Several applications of DSM techniques for predicting soil properties especially PSFs, using various statistical models, have been reported (Scull et al., 2005; Bishop and Minasny, 2006; 1995 Buchanan et al., 2012; Greve et al., 2012b; Ließ et al. 2012 ). The models used in these studies are often based on compositional ordinary kriging (COK), regression kriging (RK), multiple linear regression (MLR), a generalized linear model (GLM), a regression tree model (RTM), and recently random forests models (RFM) with varying scale from the field to national level. However, very few DSM studies have been conducted in sub-Saharan Africa where there is an urgent need for up to date spatial soil information (Sanchez et al., 2009) . The objective of this study is to produce a fine resolution digital soil PSF map for Nigeria. We have used existing soil information (legacy data) and the latest DSM technologies to predict PSFs across the whole country.
MATERIALS AND METHODS

Study Area
Nigeria is located within latitudes 4° and 14° N, and longitudes 2° and 15° E, with a total area of about 923,768 km 2 . The climate is humid in the south and semiarid in the north. Seasonal rainfall distribution varies from 500 m to 4000 mm yr -1 with unimodal pattern in high-rainfall areas close to the equator, low-rainfall areas in the north, and bimodal rainfall of between 1250 and 1500 mm (Food and Agriculture Organization [FAO], 1984) . Temperatures throughout the year are in the range of 22-33°C and rarely below 18°C in any month. Vegetation ranges from evergreen forest in the southern part through moist Guinea savannas in the center to the Sahel savanna in the northeastern part of the country.
Nigeria is comprised of inselbergs and sediments-filled basins derived through cycles of erosion from the Cretaceous to the Pleistocene periods (Ojanuga, 2006) . The country can be divided into highland and lowland areas (Iloeje, 2001) . The highlands extend from the Jos plateau in the center to the eastern border and the hills in some parts of the west. The lowlands are in the central part northward and southwards through Niger and Benue rivers and the coastal border (Udo, 1970) . Nigeria is overlain by the Precambrian basement complex rocks mainly of igneous origin and sedimentary formations of Upper Cretaceous to recent age (Adejumo et al., 2012) .
The major soils are Alfisols, Entisols, Ultisols, Inceptisols, Oxisols, and Vertisols, (Soil Survey Staff, 2006; Federal Department of Agricultural Land Resources [FDALR], 1990) . According to FDALR (1990) Entisols dominates the soils of both the northern and southern fringes of the country with mostly Psamment and Aquent suborders. The central part of Nigeria is predominantly Alfisols and Ultisols with Ustalfs and Udults dominating the suborders. Nigeria has about 80 million hectares of arable land, of which 32 million hectares are cultivated. Major crops produced include beans, sesame, cashew nuts, cassava, cocoa, groundnuts, kolanut, maize, millet, palm tree, plantains, rice, rubber, sorghum, soybeans, and yams.
Data Processing Soil data
Legacy soil profile data with PSF were obtained from the Africa Soil Profiles Database that was collated from reports of many decades of soil surveys and research conducted in Nigeria Leenaars, 2012) . The data in the Africa Soil Profiles Database are from different periods. As soil texture is not a rapidly changing property compared with, for example, pH or SOC, we have not taken into account the year when the samples were taken. In the Nigerian soil survey reports the data are presented separately from genetic horizons for each profile. The samples were air-dried at room temperature, passed through a 2-mm sieve, and the fine-earth material was analyzed for PSFs using hydrometer and pipette methods. A number of PSFs (coarse sand, fine sand, coarse silt, fine silt, sand, silt and clay) have also been reported by different soil surveyors. The size fractions were standardized into three fractions: clay (<2 mm), silt (2-50 mm) and sand (50-2000 mm) The PSFs were converted to g kg -1 as specified by GlobalSoilMap (Arrouays et al. 2014) . In total, the soil textural data from 978 soil profiles and 4568 layers (Table 1) was used in this study.
Fitting of mass-preserving profile spline function
In environmental modeling, soil information is required at specified depth ranges rather than pedogenetic horizons. In this study, we fitted mass-preserving splines (Bishop et al., 1999) to the legacy soil profiles (n = 978) to generate continuous PSF data at standard depth intervals (0-5, 5-15, 15-30, 30-60, 60-100, and 100-200 cm) as following the GlobalSoilMap specifications (Arrouays et al., 2014) . From the fitted splines of the raw data, the mean value of each PSF was derived for the six depths.
Additive log-ratio transformation
For the spatial prediction of compositional data, such as PSF, components have to sum to a constant, with distributions that are curtailed at the limits of 0 and 100 (De Gruijter et al. (1997) . Therefore composition data must meet the following criteria: (i) Each of the components of the composition must be non-negative
where Z* ij (x) is the estimate of a compositional regionalized variable, of jth component at ith location. (ii) At each location, the components must sum to a constant 1 * ( ) , and = constant.
(iii) Estimates of the composition should be unbiased
Out of k components in the composition, Z* ij (x) represents the estimate of a compositional regionalized variable, of the jth component at the ith location. For the interpretation of regionalized compositions the sample space is a positive (S d ) and not a multidimensional space (R d ) (Aitchison, 1990 
where y i,j is the log-ratio transformation of z i,j . The inverse transformation of the above equation is , ,
The results are that closure effect is removed, and subsequently through perturbation, the transformed data may fit a normal distribution, making the data suited to classical analysis such as MLR (Odeh et al., 2003) . We implemented a modified additive log-ratio (mALR) transformation (Odeh et al., 2003) of the spline-fitted PSF data set in R environment using the ALR function of the compositions package (van den Boogaart and Tolosana-Delgado, 2008) . Before this, a value of 0.001 was added to the three PSFs at each standard depth to remove the effect of zero values. The output of the transformation was two ALR-transformed variables (clay and sand) which were then used for predictive modeling. The predicted variates were later back-transformed using ALRInv function to three size fractions (clay, sand, and silt) which were then used to determine the soil textural classes.
Environmental covariates
Digital elevation model tiles were obtained from the NASA Shuttle Radar Topography Mission data and mosaiced using the ArcGIS10 Data Management Toolbox. First and second derivatives like slope, aspect, curvatures (profile and plan), flow accumulation, and compound topographic indices, such as the wetness index and the stream power index, were derived from the DEM using the ArcGIS10 Geomorphometry Toolbox (Reuter and Nelson, 2009) . Landform classifications (Iwahashi and Hammond) based on algorithms developed by Iwahashi and Pike (2007) and Dikau et al. (1991) were also derived for Nigeria. Other covariates used were global physiographic regions clipped for Nigeria (similar to Iwahashi-Pike landform), land cover map for year 2009, enhanced vegetation index (derived by Tor from MODIS on Terra), Bands 1, 2, 3, 4, and 7 of Landsat 7-ETM+ coverage of Nigeria (obtained from Landsat GeoCover ETM+ 2000 edition), as well as digitized and generalized geology and soil type maps of Nigeria. Average annual temperature and www.soils.org/publications/sssaj ∆ precipitation were interpolated from the 8-km grid coverage. The normalized difference vegetation index (NDVI) was obtained from AfSIS website and clipped for Nigeria (AfSIS, 2012) . All the data layers were brought to the same projection and resampled to 1000-m resolution using the "nearest neighbor" technique in ArcGIS10 Sample Toolbox. A total of 23 predictor variables were used in this study ( Table 2 ). The environmental covariates were intersected to the six depths from the spline function. The data set was randomly split into two sets: 67% for calibration (n = 655) and 33% for validation (n = 323). Before splitting, the entire data set was first subset into the six geographical zones (northcentral, northeast, northwest, southeast, southsouth, and southwest) and then combined to ensure uniform distribution of calibration and validation data sets.
Spatial Prediction of Particle-Size Fractions Random forest model
Random forest model (RFM) is developed as an extension of RTM to improve the prediction accuracy (Breiman 2001a; Liaw and Wiener, 2002) and reduce model overfitting. It is an assemblage of a number of classification and regression trees using two levels of randomization for every tree in the forest (Breiman, 2001b ). Random forest model has advantages over many other prediction models because it is insensitive to noise or weak prediction variables as it selects the most important variable at each node split (Okun and Priisalu, 2007) , has reasonable prediction performance even with noisy predictor variables (Diaz-Uriarte and de Andres, 2006) , and is insensitive to missing values or outliers in a given data set. In this study, we employed the randomForest 4.6 package (Liaw and Wiener, 2002) in R environment to predict the PSFs. The random forest regression algorithm can be described following Liaw and Wiener (2002) and Hastie et al. (2009): 1. For j = 1,…., n; draw a bootstrap sample Z* of size n tree from the original data, then 2. Grow a random forest tree T j to Z, by recursively repeating the following steps at each terminal node of the tree, until the minimum node size n min is reached. a. Select M tree variables at random from the predictors p. b. Choose the best variable at random/split-point among m. c. Split the node into two daughter nodes but before each split, select m 9 p of the input variables at random as candidates for splitting. are grown is expressed as:
where q j describes the jth random forest tree at each node and terminal node values in terms of split variables. Three parameters control the fitting of random forest models: (i) the number of trees (n tree ), (ii) the minimum number of samples in the terminal node n min , and (iii) and the number of predictors to be used for the fitting of each tree (M try ) (Grimm et al., 2008) . The M try is a crucial parameter as it deðnes the strength of each individual tree and the correlation between any two trees in the RFM. Normally for regression, the default value for M try is p/3 and n min is 5 (Hastie et al., 2009) . We used the "train" function of the "caret" R package to determine optimum M try value for modeling at each depth interval. The train function tunes various models by selecting a combination of sensitive parameters that are associated with the optimal resampling statistics of held-out samples. These are used to fit the final model with the entire training data set. The relative importance of the predictor variables in modeling PSFs for Nigeria was assessed using the "importance" function in the random forest package (Fig. 2) .
Soil sampling depth as a predictor variable
The inclusion of soil sampling depth as a predictor variable to estimate soil properties (especially bulk density) by pedotransfer functions (PTFs) is well-established (Tamminen and Starr, 1994; Jalabert et al., 2010; Minasny and Hartemink, 2011) . Here we evaluate the contribution of sampling depth in modeling PSFs. We first added vectors of mean of the various depth intervals (e.g., 2.5, 5, 10, 22.5, 45, 80, and 150 for 0-5, 5-15, 15-30, 30-60, 60-100, and 100-200) to the set of predictor variables for each depth. Thereafter we stacked data sets of the six depth intervals together to obtain one single data set which was used to fit a single model. The predicted values were subset into the six standard depths for model assessment and validation. The single model produced was then used to predict onto the entire study area at the six different depths. To account for soil sampling depth in the grids, the mean value of each depth interval (e.g., 2.5 for 0-to 5-cm depth) was populated in the grid used in predicting for that particular depth.
Model Accuracy
To evaluate the prediction performance by the three models, we divided the data set into two separate subsets by a random selection process using the "sample" function in R before modeling. In using the sample function, approximately two thirds (n = 655) were earmarked for model calibration while the remaining one third (n = 323) was used for cross validation. The following four parameters were computed on the validation subset, using the R statistical software package (R Development Core Team, 2013).
1. Coefficient of determination (R 2 ), a measure of the percentage of variation explained by each model:
where s are the corresponding variance, and r the Pearson correlation coefficient between the raw and predicted PSFs. Generally, a good model will have R 2 and r c close to 1 and ME and RMSE close to 0.
RESULTS AND DISCUSSION
Soil Legacy Data Spatial Distribution of Soil Profiles and Covariates
The spatial distribution pattern of the 978 soil profiles used in this study is presented in Fig. 1 . There is fair spread of the soil profiles across the country but some areas in the northeast and southwest have higher density of sampled profiles. In the north central and southeast there were fewer pedons. Most of the early soil survey projects in Nigeria were guided by interests in food and cash crop www.soils.org/publications/sssaj ∆ production regions with high-production capacity for cash crops (e.g., cocoa in the SW), and food crops (cereal grains in the NE) were densely surveyed and sampled. Also, areas with agricultural research institutions have a larger number of pedons such as the Jos-Kaduna-Zaria axis hosting the Institute for Agricultural Research (IAR) and areas around Ibadan that host of the International Institute of Tropical Agriculture (IITA) and the Institute for Agricultural Research and Training (IAR&T).
The distribution patterns of environmental covariates in the grid and sample locations are comparable around the mean, but the extreme values of most covariates were not well covered by the legacy profile points (Table 3 ). This could affect validity of our predictions as we are most likely predicting outside the range of values on which the model was built. As shown in Fig. 1 , future sampling in areas of sparse data like the Sokoto axis of the northwestern region, as well as the northcentral and southeastern region, could help overcome this challenge.
Summary Statistics of SplineFitted Particle-Size Fractions at Continuous Depth Intervals
A summary of the predicted PSFs from the equal-area quadratic splines is presented in Table 4 . The frequency distributions of the PSF data are typical given that clay and silt are positively skewed whereas sand is skewed slightly negative. Similar observations have been reported elsewhere (Adhikari et al. 2013 ). The sand fraction has a higher variation (SD 22 to 26 gkg -1 ) compared with clay (SD 16 to 19 g kg -1 ) and silt (11 to 14 g kg -1 ) as was found by Buchanan et al. (2012) and Adhikari et al. (2013) , but it is in contrast to Odeh et al. (2003) and Oku et al. (2010) who reported a higher variability in clay content compared with sand and silt. The variation is relatively high, but considering the heterogeneity of the landscape as well as the large extent of our study area, such is expected.
The clay content increases from the top 30-cm depth with a peak at the 60 to 100 cm likely caused by clay illuviation (Osei and Okusami, 1994; Ayuba et al., 2007; Sharu et al., 2013) . The increase in clay content (>20%) with depth is diagnostic of the major soil types (Alfisols and Ultisols) in Nigeria (Osei and Okusami, 1994; Amhakhian and Achimugu, 2011) . The mean sand content is higher than the clay and silt contents for each depth, which is commonly found in the soils of West Africa (with exception of Vertisols) ( Jones and Wild, 1975) .
Performance of Random Forest Model in Predicting Particle-Size Fractions
The model performance parameters (Eq.
[10]-[13]), were used to assess the quality of prediction of PSFs (Table 5) . Results showed that the combination of the various predictor variables can explain 16 to 53, 21 to 48, and 21 to 26% of the variation in clay, sand, and silt contents, respectively. This is within the range reported for clay and sand contents in other studies using similar prediction models (Ließ et al., 2012; Adhikari et al., 2013) but outside the range reported for silt content. In Nigeria, low R 2 has been reported for prediction of silt content (Ugbaje and Reuter, 2013 ), but our predictions show an improvement over their report. This could be attributed to the effect of ALR, as Odeh et al. (2003) reported an improved prediction accuracy when PSFs are transformed using ALR before fitting predictive models. The model performed significantly better at the top 30 cm (0-5, 5-15, and 15-30 cm) compared with the lower layers (30-60, 60-100, and 10-200 cm). Similar results have been reported by several others (Henderson et al., 2005; Minasny et al., 2006; Malone et al., 2009; Vasques et al., 2010; Kempen et al., 2011; Adhikari et al., 2013; Ugbaje and Reuter, 2013) . This could be attributed to the nature of the environmental variables used (Adhikari et al. 2013 ) and the effect of lower data density with depth. Most environmental covariates used in this study are based on land surface characteristics and are likely to have stronger relationship with topsoil than subsoil properties. The prediction performance for the lower depths could be improved by inclusion of covariates such as Gammaradiometric (K, Th, U) or electromagnetic induction (EM) (Cook et al., 1996; Rawlins et al., 2009; Priori et al., 2014) . However, considering the extent of Nigeria, the cost of acquiring this data may be too exorbitant to offset the extra benefit. In terms of prediction accuracy, sand content had the highest RMSE values across all depths whereas the lowest RMSE was associated with the prediction of silt at all depth intervals. This trend corroborates the reports of other studies using similar modeling approaches (Buchanan et al., 2012; Niang et al., 2014) but is slightly different from the report of Odeh et al. (2003) . The lower RMSE of the silt content in this study is expected since silt was not used in modeling and it was a product of the back-transformation of the initial ALR variates.
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By using soil depth as a predictor with random forest (RF d ), we significantly improved the model performance, especially at the lower depths (Table 5) . With RF d there is similar model performance for the various PSFs. The inclusion of soil sampling depth improves the performance of RFM by 67 to 100% (R 2 values). This supports the inclusion of soil depth as a predictor variable to improve prediction of soil attributes.
Predictor Variables for Predicting Soil Particle-size Fractions
A key advantage of RFM in comparison with classical multiple regression models is that the latter involve feature selection through stepwise and criterion-based procedures in which one or two of the highly correlated predictor variables are typically retained with the rest discarded. In contrast, RFM "spreads" the importance of predictors in the model across all the predictor variables (Cutler et al., 2007) . Random forest model estimates the relative importance of the predictor variables, based on how worse the prediction would be if the data for a particular variable were permuted randomly (Prasad et al., 2006) . This approach guards against the elimination of good predictor variables which may be pedologically important, although are highly correlated with each other. We used the "importance" function in the random forest package to assess the importance of predictor variables used to predict PSFs. The predictor variables showed a varying level of importance in the model (Fig. 2) . There was a large influence of climatic elements (precipitation and temperature), vegetative indices (EVI and NDVI), terrain attributes (elevation, stream power index, and slope), soil types, geology, and Landsat bands on the spatial distribution of PSFs. However, the relative importance of these variables varies with depth and from one fraction to another. Other studies have also reported the relationship between terrain attributes and soil properties, especially PSFs (Moore et al., 1993; Odeh et al., 1995; Thompson et al., 2006; Greve et al., 2012a Greve et al., , 2012b Ließ et al., 2012) , with terrain attributes explaining between 20 and 88% of the variation in soil properties (Thompson et al., 2006) . This could be attributed to www.soils.org/publications/sssaj ∆ their impact on vertical and lateral movement of soil particles through erosion and disposition. In Nigeria the influence of geology and soil types on the spatial distribution soil texture has been documented in previous studies (Osei and Okusami, 1994; Law-Ogbomo and Nwachokor 2010) .
Spatial Prediction of Particle-Size Fractions
The descriptive statistics of sand, silt, and clay fractions predicted for various depth intervals is presented in Table 6 . The distribution of the predicted PSFs by RF and RF d follow a similar pattern as the spline-fitted data. The RF d slightly reduced mean values of predicted PSFs and predicted PSFs show lesser variability than the spline-fitted data. This could be attributed to the smoothening out of outliers as prediction models tend to have smoothening effect (Odeh et al., 1995) . In addition, RF grows a large number of unpruned trees and makes final prediction using the average prediction of the entire trees, thus reducing model overfitting (Breiman, 2001a) .
Figures 3 to 5 show the maps of predicted PSFs. There is an increase in the clay content with depth especially in the southern part of the country (see Fig. 3 ). The magnitude of this vertical increase in clay content differs (Fig. 3) . At some locations this is steady and gradual while it is abrupt in others, giving rise to a bulge of clay with depth. The gradual increase of clay content with depth has also been reported for Nigeria (Møberg and Esu, 1991; Olowolafe, 2002; Ayuba et al., 2007 , Sharu et al., 2013 . Figure 3 reveals an increase of clay content with depth in the southern part of the country compared with the northern part. This supports the work of Vine (1987) who reported an increase in clay content with depth in soils of southern Nigeria except those in valley bottoms. This pattern is the result of vertical clay movement (eluviation and illuviation), faunal perturbation (Oyodele et al., 2006; Sharu et al., 2013) , and movement of clay particles due to soil erosion (Amusan et al., 2005; Salako et al., 2006) . According to Vine (1987) these factors affect pedogenetic processes through the incorporation of dust, in addition to mixing of coarser and finer layers of sediments.
There are also patches of high-to-medium clay content around the Lake Chad, Biu, Jos, and Mambilla plateaus as well as the coastal Niger Delta area, which was also found by previous studies (Lombin and Esu, 1988; Møberg and Esu, 1991, Olowolafe, 2002) . The Lake Chad and Niger Delta areas receive colluvium materials and lacustrine deposits which explains the high-to-medium clay content. The prevalence of Quaternary volcanic rocks (basalt, lava flows, and ash deposits) accounts for the high clay content around Jos and Mambilla plateaus (Olowolafe, 2002) . The relatively high clay content in the subsurface layer of soils around Lagos and Enugu (Fig. 3) seems anomalous considering that these areas are overlain by Tertiary and Upper Cretaceous sandstones. The high clay content has been reported (Vine, 1987) and was attributed to sporadic clay beds in the sandstones which accumulated overtime while the sandy surface was gradually lost by soil erosion.
The sand content (Fig. 4) is relatively high compared with clay and silt across the entire country, which can be attributed to variation in parent material and is partly due to Aeolian deposition of sands from the Sahara Desert. About 50% of Nigeria's landmass is underlain by sandstones of Cretaceous age (Adeleye and Dessauvagie, 1972; Hassan, 2010) . According to Ogunwale et al. (1975) , soils derived from sandstones cover about 18% (160,000 km 2 ) of the surface area of Nigeria. There is an area of soils with high-to-medium sand content at the border of northern Nigeria (Fig. 4) which was caused by deposition of sand from the Sahara (Sombroek and Zonneveld, McTainsh, 1984) during the Pleistocene when the Sahara extended further southward (Grove, 1958) . Accompanying the southern extension of aridity is the building and migration of sand dunes with deposition of windblown sands in the direction of northeast to southwest (Chartres, 1982) . The sand content, however, decreased gradually southward and with depth, supporting the work of Omoregie (1998) . The soils are moderately sandy in the southwest and southeastern part of the country; that could be attributed to the coarse nature of the predominant parent materials in these regions. They are overlain by weathered sandstones of Paleocene-Pleistocene age and gneiss of the Precambrian basement complex (Smyth and Montgomery, 1962; Igwe et al., 2009) .
The silt content of the soils in Nigeria is relatively low (Fig.  5 ) and has been reported previously (Ojanuga, 1975; Igwe, 2005) . However, soils with medium silt content occur around the ZariaFuntua-Kano axis and in the Niger Delta areas as reported in previous studies (Bennett, 1980; Møberg and Esu, 1991) . Most soils of the Kano plains are silty fine sands derived from windsorted desert sands (Lawes, 1962) or Aeolian drifts (Tomlinson, 1961; Higgins, 1963; Klinkenberg and Higgins, 1968) . Maniyunda et al. (2013) reported high silt content in soils around Funtua and Katsina. Relatively high silt content has also been reported for inland valley bottom soils in the coastal southern part of the country (Ogban and Babalola, 2003) .
Spatial Distribution of Soil Texture
We present here the patterns of soil texture for the six layers, as predicted by RFM (Fig. 6) . The variation in soil texture shows a progressive transition from a coarse texture (sand) along the fringes of northern Nigeria (e.g., the upper part of Maiduguri and Sokoto) to finer texture (loam to clay loam) toward the western part of the Niger Delta in the south. The orientation of this transition in soil texture, especially the top 30-cm layers, suggests the direction of the prevailing northeasterly wind which deposit Aeolian sediments. Generally, the soils are mainly sandy loam, loamy sand, sandy clay loam, clay loam, sandy clay, and clayey with the soils becoming more clayey and less sandy with depth (Fig. 7) . This is typical of the major soil types present in the study area: Alfisols, Ultisols, Oxisols, and Entisols (Soil Survey Staff, 2006) as was reported by Igwe (2005) , Sharu et al. (2013) , and Maniyunda et al. (2013) . On an area basis, soil texture of Nigeria ranges from sand (4.2 by 10 6 ha) to sandy loam (5.3 by10 7 ha) in the surface layers and from sandy clay loam (5.2 by 10 7 ha) to clay (6.9 by 10 6 ha) in the subsoils.
The general pattern of soil texture in Nigeria has been attributed to the influence of the combination of the differences in parent material (Akamigbo and Asadu, 1983) , pedogenetic processes involving clay movement (Hassan, 2010) , in addition to contributions from Aeolian dust (Vine, 1987; Møberg and Esu, 1991; Kparmwang, 1993) . In Nigeria, parent materials vary from very coarse pegmatite to fine-grained schist, and from acid quartzite to basic rocks consisting largely of amphibolites (Smyth and Montgomery, 1962; Hekstra and Andriesse, 1983) . Law-Ogbomo and Nwachokor (2010) reported that soils developed on basalt exhibit fine texture (sandy clay loam to clay) with those from sandstone having medium texture (sandy loam to sandy clay loam) and soils from coastal plain sands very coarse texture (loamy sand to sand). They observed that soils developed on basement complex rock and shale exhibit similar textures ranging from loamy sand to sandy clay loam.
CONCLUSIONS
Developing DSM models by correlating soil and predictor variables is an efficient but challenging quantitative spatial prediction approach, especially in a situation with sparse soil profile data. This study provides an example where a geodatabase of important soil attributes can be populated from a limited soil data set. We demonstrate the robustness of RFM to predict soil particle-size fraction as compositional data for Nigeria using legacy soil data. Considering the dearth of soil profile data used in this study the results presented here are a good first approximation of digital mapping of these soil attributes for Nigeria. No doubt, work will continue to improve on this first approximation as more data becomes available. Generally, from this study the following salient points are adduced:
1. Nigerian soils are predominantly coarse-textured with texture gradually becoming finer southwards, the Northern region of the country having a higher sand content.
2. Soil texture ranges from sand (4.2 by 10 6 ha) to sandy loam (5.3 by10 7 ha) in the surface layers and from sandy clay loam (5.2 by 10 7 ha) to clay (6.9 by 10 6 ha) in the subsoils.
3. Random forest model is robust in predicting PSFs, while the inclusion of soil depth as predictor significantly improved the model accuracy. www.soils.org/publications/sssaj ∆ 4. In modeling PSFs for Nigeria, terrain attributes (elevation, stream power index, and slope), soil types, vegetative indices, as well as climatic variables (especially precipitation and temperature) are the most important predictors.
These results could be used for producing soil function maps (e.g., water holding capacity) or for national agricultural irrigation planning and for assessing for environmental sustainability
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